Olive oil represents an important component of a healthy and balanced dietary. Due to commercial features, characterization of pure olive oil and commercial mixtures represents an important challenge. Reported techniques can successfully quantify components in concentrations lower than 1%, but may present long delays, too many purification steps or use expensive equipment. Image analysis represents an important characterization technique for food science and technology. By coupling image and UV-VIS spectroscopy analysis, models with linear dependence on parameters were developed and could successfully describe the mixture concentration in the range of 0-100% in mass of olive oil content. A validation sample, containing 25% in mass of olive oil, not used for parameter estimation, was also used for testing the proposed procedure, leading to a prediction of 24.8 ± 0.6. Due to image analysis results, 3-parameter-based models considering only R and G components were developed for olive oil content prediction in mixtures with up to 70% in mass of olive oil, the same test sample was used and its concentration was predicted as 24.5 ± 1.2. These results show that image analysis represents a promising technique for on-line/in-line monitoring of blending process of olive soybean oil for commercial mixtures.
Introduction
Olive oil presents growing consumption rates, mainly because its key role played on a balanced and healthy dietary, due to the presence of phenolic antioxidants and their derivatives (FRANKEL, 2011) . On the other hand, due to lower costs along with dietary issues, commercial mixtures of olive and other edible oils, usually soybean, are commonly available in local markets. Literature reports different kinds of olive oil characterization (FRANKEL, 2010) , for example, olive oil adulteration either using cheaper vegetable oils or lower grade olive oils; olive oil lipid oxidation and oxidative stability, olive oil volatile compounds, olive oil antioxidants. Consequently, fast and accurate characterization of pure olive oil and commercial mixtures represents an important challenge (GARCIA-GONZALEZ; APARICIO, 2010) .
Frequently used analytical techniques for successful oil characterization are based on gas chromatography (PIRAVI-VANAK et al., 2009) , high performance liquid chromatography (VEKIARI et al., 2010) , nuclear magnetic resonance (ALONSO-SALCES et al., 2010) , spectroscopy (SILVEIRA et al., 2010) , electronic nose (MILDNER-SZKUDLARZ; JELEN, 2010) , thermophysical properties analysis (TORRECILLA et al., 2011) , among others. Regarding olive oil adulteration, these techniques are reported to quantify contaminants in concentrations ranging from 1 to 5% in mass content; however, some may identify even lower amounts.
Image analysis represents an important characterization technique (RIBEIRO; CENTENO, 2009) for food science and technology (ZHENG et al., 2006) . Due to noninvasive and precision/accuracy features, a broad range of applications became feasible (LIU et al., 2011) . The use of image analysis for olive oil processing and characterization is still insipient. Ram et al. (2010) used image analysis in order to optimize the harvest time, by correlating olive color characteristics to oil content and quality. Gordillo et al. (2011) evaluated the influence of turbidity grade on color and appearance of virgin olive oil, however, their work focused on filtered and non-filtered olive oil. Therefore, image analysis remains as an important alternative tool for future developments on olive oil mixture characterization. It is important to stress that image analysis may be useful not only for soybean and olive oil mixtures, but it may also be useful for characterization of mixtures with different edible oils as long as a color change occurs.
According to Marchal et al. (2011) , the lack of proper instrumentation providing fast and reliable information for process control still remains a challenge in olive oil processing, in order to avoid performing the standard laboratory analysis. Therefore, this manuscript reports the development of a simple and low cost approach to olive and soybean oil mixtures characterization, which can be used for process instrumentation, focusing, for example, on olive oil mixtures monitoring. More specifically, image analysis and image analysis coupled with UV-VIS spectra were used for model formulation in order to predict mixture contents by proper parameter estimation.
Material and methods

Material
Extra virgin olive oil (La Violetera, free acid content less than 0.4%) and soybean oil (COCAMAR, Brazil) purchased at local market were used as received without further purification. Table 1 presents the composition (in olive oil mass percent) of the prepared mixtures used for obtaining experimental data. Also a test mixture of 25% of olive oil was also analyzed for model validation purposes. Samples were weighted in an analytical scale (BioPrecisa, model: FA 2104N, Precision: 0.0001 g).
Methods -image analysis
After weighting, each sample was transferred to a polystyrene cuvette (Kartell S.P.A., Italy) with 0.1 m of light path and 4.5⋅10 -3 L of capacity. All samples were placed, side-by-side, inside a chamber with a light source in order to minimize environmental interference and provide the same thickness of fluid for all samples, as the thicker sample; the darker it seems to be. Afterwards, photographs of the samples were taken using a Sony Cyber-Shot Machine (7.2 Mega pixels). Camera zoom was fixed at 1x and it was placed 25 cm away from the chamber in order to frame all cuvettes in a single photograph.
Image analysis was processed by multi-task software (SILVA; LENZI, 2011). RGB (Red-GreenBlue) color system (GONZALEZ; WOODS, 2007) was used for sample image characterization. For each sample, rectangles containing over 10000 pixels were selected for color decomposition in components R, G, B. This number of pixels is high enough to assure robustness to the image analysis procedure and guarantee low mean confidence interval bands for each color component of each sample.
Methods -UV-VIS analysis
Immediately after taking photographs, each sample was analyzed by a UV-VIS spectrophotometer (Cary 100 Scan UV-Visible Spectrophotometer -Agilent Technologies). Samples were scanned in the range of 190 to 900 nm of wavelength and absorbance was recorded. Values of absorbance in different wavelengths (374, 416, 427, 455, 460, 483 and 670 nm) were selected for further analysis. Methods -parameter estimation
In order to quantify the oil mixture composition, olive oil mass percent was correlated to the mean value of R, G, and B components of the image analysis and to the absorbance in the previously selected peaks and valleys. Models with linear dependence on parameters were used to fit the experimental data of olive oil mass percent, considering minimum least squares as objective function. Parameter estimation was performed using Levenberg-Marquadt algorithm (LEVENBERG, 1944; MARQUARDT, 1963) . The numerical parameter estimation problem had 10 -6 as convergence criteria. Model validation tests and parameter variance and covariance calculations were performed using the procedure adopted by Isfer et al. (2010) . Due to the linear feature of parameter estimation problem, a unique value of 1.0 was used as initial parameter guess.
The first case studied comprised the mixture composition prediction along the full range of 0 to 100% in mass of olive oil, while a second study case, along the concentration range of 0 to 70% was also carried out. Models with 2, 3, 4, 5, 6, 7 parameters where fitted. Models containing 8 or more parameters were not considered in order to avoid possible experimental error fitting.
Finally, it is worth mentioning that the test sample, containing 25% in mass of olive oil, was not used for parameter estimation, it was only used for model validation. The model validation not only comprises the model prediction but also the standard deviation of its prediction. In this sense, only parameter variance and covariance (PINTO, 1998) were considered, consequently, the standard error of the model prediction is given by Equation 1: 
where: NP is the number of parameters; 2 ai s is the parameter ai variance; 2 ai aj s − is the covariance of parameters ai and aj.
Results and discussion
Sample characterization Figure 1 presents some of the oil samples used in this work. It is interesting to note the presence of a color gradient, where the samples become darker by increasing the amount of olive oil.
Image analysis results are summarized by Table 2 , which presents basic descriptive statistics of component R, G and B of each sample. It must be emphasized that maximum range of variation of R, G, B values goes from 0 to 255. On the other hand, Figure 2 compares the behavior of the three color components according to an increase in the olive oil content. It can be seen that components R and G continuously change along the concentration range. This behavior, however, is not observed for component B, which continuously changes up to roughly 70% mass content of olive oil in the mixture. On the other hand, the range of values of component B is much larger than the other components. It can be seen that the standard error of the means is roughly constant, indicating a robust method. Finally, kurtosis and skewness indicate that the collected data can be considered normally distributed over the mean, thus allowing the conclusion that the means are not biased and deviations occur due to random errors. Figure 3 presents the obtained raw spectra in the range of 350 to 700 nm. It is important to stress that the raw spectra were directly used for modeling purposes. More specifically, absorbance in three valleys (374, 427 and 460 nm) and four peaks (416, 455, 483 and 670 nm) were selected for mixtures characterization. These wavelengths were selected because they presented the higher absorbance variance, allowing a better discrimination of the mass content. It must be stressed that this procedure (using raw spectra and samples with no purification) was adopted in order to develop a robust characterization method. The absorbance in each wavelength selected for modeling purposes is shown in 
Results for olive oil concentration range 0-100%
In this study, the models were divided into classes according to the number of parameters, more precisely, 2, 3, 4, 5, 6, 7. The best model of each class is shown in Table 4 . By best model, it is meant a model that resulted in the lowest objective function value within each class of models, as well as presented all parameters with higher values than the correspondent parameter standard deviation. As expected, the higher the number of parameters, the lower the value of the objective function, the better the predictions are expected to be. This can be observed in Figure 4 As mentioned, the test sample containing 25% of mass of olive oil was also characterized for model validation purposes and it was not considered for model parameter estimation. Table 5 presents the results of this sample characterization, used for further model predictions.
By substituting these values in the models presented in Table 5 and using Equation 1, one can calculate model predictions and the correspondent standard deviation as shown in Figure 5 . The model with 3 parameters presents the best prediction not only considering in the composition itself, but also its standard deviation. It is important to stress that this model includes R, G and ABS670, consequently it indicates that the coupled use of image analysis and UV-VIS spectra improves the composition prediction. Due to the lower values of the objective function, one might expect that the larger the number of parameters, the better the model prediction. This is true for predictions close enough to the used experimental data, as one can see in Figure 4 , in which the residuals of the model with 7 parameters are much closer to 0 when compared to the residuals of the other models.
On the other hand, the number of parameters considerably interfere in the model behavior in between the data used for estimation, therefore, a larger number of parameters may reduce the model likelihood, yielding poorer predictions, which was the case analyzed here, as the test sample (25% of olive oil) lies in between to samples used for parameter estimation (20 and 30% of olive oil). This probably happens because models with a larger number of parameters may fit experimental error and not the data behavior itself. This leads to an optimum number of parameters, which in our study is 3.
Finally, it is important to highlight that this technique can be considered as an alternative for on-line/in-line sensor development focusing on commercial olive oil mixture concentration monitoring in the range of 0-100% of olive content. For process implementation, model improvement can be simply achieved by considering more samples for parameter estimation, for example, instead of an interval o 10%, an interval of 5% in olive oil content could have been chosen.
Results for olive oil concentration range 0-70%
Commercial mixtures of olive oil with contents up to 70% can be usually found in local markets. Consequently, prediction models for this range of concentration were also obtained, nevertheless, considering correlation only to image analysis results. Based on the results of Figure 5 , models with 3 parameters and only based on R and G components were tested. Table 6 presents the parameter estimation results.
The residuals of these models were also evaluated and are presented in Figure 6 . For sake of comparison, the residuals of the model with three parameters reported in Table 5 (3 par (0-100%)) were also plotted, however, it must be noted that this model was estimated for the full concentration range and also uses UV-VIS absorbance data. One can observe that for the range of 0-70% the residuals of all models reported in Table 6 remain in the same range. It can be seen that image analysis components R and G can be used for successful olive oil content monitoring. For example, for quantities of 10; 50; 60; 70%, models reported in Table 6 , which use only image analysis, presents results as accurate as the best model obtained for the range of 0-100% of olive oil composition. Figure 7 shows the model predictions and the correspondent standard deviation for the test sample. It can be seen that predictions of the models listed in Table 6 are close to the target value, however, different model configurations may improve the obtained results. As mentioned before model improvement can also be achieved by considering more samples for parameter estimation, for example, instead of an interval o 10%, an interval of 5% in olive oil content could have been chosen. Consequently, R, G components can be successfully used for olive and soybean oil mixture composition monitoring. Finally, it is worth emphasizing that predictions using only image analysis components can be regarded as accurate as the predictions using UV-VIS spectra, allowing the development of a fast low cost sensor. 
Conclusion
A simple and low cost technique was proposed for olive and soybean oil mixture composition prediction. By coupling image and UV-VIS spectroscopy analysis, models with linear dependence on parameters were developed and could successfully describe the mixture concentration in the range of 0-100% in mass of olive oil content. More specifically, models with 2, 3, 4, 5, 6 and 7 parameters were used. A validation sample, containing 25% in mass of olive oil was also used for testing the proposed procedure. All models could predict the olive oil content in the sample, however, according to the results, the model with 3 parameters provided the best performance and prediction error. Due to image analysis results, 3-parameters-based models considering only R and G components were developed for olive oil content prediction in mixtures with up to 70% in mass of olive oil. The test sample was also used for validation purposes, leading to good predictions. These results show that image analysis represents a promising technique for on-line/in-line monitoring of blending process of olive soybean oil for commercial mixtures.
